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Abstract

This paper introduces a novel Czech dataset in the restaurant domain for aspect-based sentiment analysis (ABSA),
enriched with annotations of opinion terms. The dataset supports three distinct ABSA tasks involving opinion terms,
accommodating varying levels of complexity. Leveraging this dataset, we conduct extensive experiments using
modern Transformer-based models, including large language models (LLMs), in monolingual, cross-lingual, and
multilingual settings. To address cross-lingual challenges, we propose a translation and label alignment methodology
leveraging LLMs, which yields consistent improvements. Our results highlight the strengths and limitations of
state-of-the-art models, especially when handling the linguistic intricacies of low-resource languages like Czech. A
detailed error analysis reveals key challenges, including the detection of subtle opinion terms and nuanced sentiment
expressions. The dataset establishes a new benchmark for Czech ABSA, and our proposed translation—alignment
approach offers a scalable solution for adapting ABSA resources to other low-resource languages.

Keywords: Aspect-based sentiment analysis, Large language models, Pre-trained language models, Senti-

ment analysis, Opinion mining, Czech language
1. Introduction

Aspect-based sentiment analysis (ABSA) is a fine-
grained sentiment analysis task that extracts de-
tailed information about entities and aspects. ABSA
involves four sentiment elements (Zhang et al.,
2023; Smid and Kral, 2025): aspect term (a),
aspect category (c), sentiment polarity (p), and
opinion term (o). For example, in “Delicious tea”,
these correspond to “tea”, “drinks quality”, “pos-
itive”, and “Delicious”, respectively. Aspect and
opinion terms may also be implicit, commonly anno-
tated as “NULL”; for instance, in “Tasty”, the aspect
term is implicit.

Task  Output Example output

ASTE  {(a,0,p)}  {(“tea”, “delicious”, POS)}

ASQP  {(a, ¢, 0,p)} {(“tea”, drinks, “delicious”, POS)}

ACOS  {(a, ¢, 0,p)} {(“tea”, drinks, “delicious”, POS), (“soup”, food, “NULL", NEG)}

Table 1: Output format for selected ABSA tasks
that involve opinion terms for the input sentence:
“The tea was delicious, unlike soup”.

Research has gradually evolved from simple
ABSA tasks (e.g. aspect term extraction) to com-
pound tasks requiring linked predictions of multiple
sentiment elements. More recently, opinion terms
have gained increasing attention, with tasks such
as aspect sentiment triplet extraction (ASTE) (Peng
et al., 2020), aspect sentiment quad prediction
(ASQP) (Zhang et al., 2021a), and aspect category

opinion sentiment prediction (ACOS) (Cai et al.,
2021). Table 1 provides input and output exam-
ples for such tasks. Modern approaches often
cast these tasks as text generation problems using
pre-trained sequence-to-sequence models (Zhang
et al., 2021c; Gou et al., 2023).

Large language models (LLMs) like
LLaMA 3.1 (Dubey et al., 2024) have advanced
natural language processing substantially. While
smaller fine-tuned Transformer-based models still
outperform LLMs on ABSA when sufficient training
data is available (Gou et al., 2023; Zhang et al.,
2024), recent studies highlight the potential of
fine-tuned LLMs for ABSA (éml’d et al., 20243;
Smid et al., 2026). Moreover, parameter-efficient
methods such as QLoRA (Dettmers et al., 2023)
make LLM fine-tuning feasible on limited hardware.

Over time, several datasets have been de-
veloped for ABSA, including SemEval-2014—
2016 (Pontiki et al., 2014, 2015, 2016) and Senti-
Hood (Saeidi et al., 2016). Most focus on English,
with SemEval-2016 also covering several other lan-
guages. Later extensions introduced opinion term
annotations, enabling tasks such as ASTE (Peng
et al., 2020; Xu et al., 2020), ASQP (Zhang et al.,
2021a), and ACOS (Cai et al., 2021). For Czech,
existing ABSA datasets (Steinberger et al., 2014;
Hercig et al., 2016; Tamchyna et al., 2015; Smid
etal., 2024b) support simple or compound tasks but
lack opinion term annotations, restricting research
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on more complex setups. Since the datasets la-
belled with all four sentiment elements are only
available in English, it is not possible to perform
cross-lingual comparisons with other languages.

To address this gap, we introduce a new Czech
dataset with opinion term annotations, supporting
three compound tasks (ASTE, ASQP, ACOS). To
our knowledge, it is the first dataset beyond English
to allow quadruplet-level tasks such as ASQP and
ACOS. The dataset and code is publicly released
to foster further research'. We benchmark modern
Transformer-based models and LLMs in monolin-
gual, multilingual, and cross-lingual settings. To
the best of our knowledge, we are the first to ex-
plore cross-lingual configurations for all three tasks.
Through error analysis, we further highlight the chal-
lenges posed by complex ABSA in Czech.

Our main contributions are as follows: 1) We
present a new Czech dataset tailored for compound
ABSA tasks, complete with opinion term annota-
tions. 2) We evaluate leading large language mod-
els in zero-shot, few-shot, and fine-tuning scenar-
ios, analysing their strengths and limitations. 3)
We compare fine-tuned LLMs with a multilingual
sequence-to-sequence baseline. 4) We propose
a novel method for cross-lingual transfer based
on data translation and label alignment with LLMs.
5) We conduct an error analysis to highlight the
main challenges posed by the dataset and future
research directions.

2. Related Work

We review existing ABSA datasets with opinion
term annotations, ABSA datasets for Czech, and
prior work on ABSA methods, with an emphasis on
Czech.

2.1. ABSA Datasets

The USAGE dataset (Klinger and Cimiano, 2014)
provides English and German product reviews
annotated with aspect and opinion terms. How-
ever, the annotations are not linked, which lim-
its the dataset’s suitability for tasks requiring as-
pect—opinion pairing.

Most English ABSA resources build on the Se-
mEval 2014-2016 datasets (Pontiki et al., 2014,
2015, 2016), which focus on the restaurant domain
and include aspect terms but no opinion terms. Fan
et al. (2019) added opinion terms and linked them
to aspect terms, enabling aspect—opinion pair ex-
traction, though sentiment polarity and aspect cate-
gory were omitted. Peng et al. (2020) extended this
work by merging annotations, reintroducing polarity,

'Code and dataset are available at the anony-
mous repository: https://github.com/biball/
Czech-ABSA-Opinion-Dataset—-Benchmark

and producing data suitable for ASTE. Both works
exclude sentences with implicit aspects.

Quadruplet-level datasets further enriched the
annotations. The ASQP dataset (Zhang et al.,
2021a) reintroduced implicit aspects and added
aspect categories. The ACOS dataset (Cai et al.,
2021) went further by including implicit opinion
terms (ASQP only has explicit ones) and expanding
coverage to laptops as well as restaurants.

For Czech ABSA, resources remain scarce. The
earliest dataset (Steinberger et al., 2014) provides
restaurant reviews in the SemEval-2014 format.
Tamchyna et al. (2015) created a dataset of IT prod-
uct reviews with aspect and sentiment annotations.
Hercig et al. (2016) expanded the Czech restau-
rant dataset, retaining the SemEval-2014 format
but without linking aspects to categories. More
recently, Smid et al. (2024b) introduced a Czech
dataset in the SemEval-2016 format with linked as-
pect terms, categories, and sentiment polarities,
enabling compound tasks. However, no Czech
ABSA dataset includes opinion term annotations.

2.2. Aspect-Based Sentiment Analysis

Early Czech ABSA work (Steinberger et al., 2014;
Tamchyna et al., 2015; Hercig et al., 2016) re-
lied on traditional machine learning methods such
as maximum entropy classifiers, later replaced
by neural networks (Lenc and Hercig, 2016).
More recent studies adopt Transformer-based mod-
els (Vaswani et al., 2017), including prompt-based
approaches (Smid and P¥iban, 2023), multitask
learning (Pfiban and Prazak, 2023), and advanced
fine-tuned architectures (Smid et al., 2024b). This
mirrors developments in English ABSA, where re-
cent work often frames the task as text generation
using sequence-to-sequence models (Zhang et al.,
2021c,a; Gao et al., 2022; Mao et al., 2022; Gou
et al., 2023; Xianlong et al., 2023).

Large language models have also been explored.
In zero- and few-shot settings, they typically under-
perform compared to fine-tuned baselines (Gou
et al., 2023; Zhang et al., 2024), but fine-tuned
LLMs have shown strong results in English (Smid
et al., 2024a), Czech (Sml’d et al., 2026), and other
languages (émfd et al., 2025a,b; Wu et al., 2025).

3. Dataset Construction

We build upon the CsRest -M dataset (Smid et al.,
2024b), which contains annotations for aspect
terms, aspect categories, and sentiment polarity
triplets, and is already divided into training, valida-
tion, and test sets. Our primary enhancement is the
addition of opinion term annotations, which extend
the dataset to support the ASTE, ASQP, and ACOS
tasks.
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Sentence

Denni menu ale i dalSi jidla vyborna. Rychla obsluha i kuchyné.
Sympatické servirky, ale bohuzel nékdy dost kyselé :(

(Daily menu but also other dishes excellent. Fast service and kitchen.
Sympathetic waitresses, but unfortunately sometimes quite sour :()

Original Annotations
, ): (Denni menu, FOOD#QUALITY, positive)
¢, ): (jidla, FOOD#QUALITY, positive)
¢, ): (obsluha, SERVICE#GENERAL, positive)
, ¢, ): (kuchyné, SERVICE#GENERAL, positive)
¢, ): (servirky, SERVICE#GENERAL, neutral)

: (Denni menu, food quality, positive, vyborna)

: (jidla, food quality, positive, vyborna)

obsluha, service general, positive, Rychla)

kuchyné, service general, positive, Rychla)

servirky, service general, positive, Sympaticke)

servirky, service general, negative, bohuzel nékdy dost kyselé)

)

)

» 0, 0)
) 0)
)

)

Figure 1: Example of the original annotations (top right) and the updated versions after our modifications

(bottom right).

3.1.

Before starting, the annotators developed detailed
guidelines, drawing inspiration from the USAGE
dataset (Klinger and Cimiano, 2014) as well as the
English ACOS (Cai et al., 2021) and ASQP (Zhang
et al., 2021a) datasets. The final version of these
guidelines is described in the following section,
where we summarize the key principles. The devel-
opment process was iterative: after annotating a
few hundred samples, the annotators reviewed their
work, discussed any ambiguities, and refined the
guidelines accordingly. This approach promoted
high inter-annotator agreement and resolved most
issues early in the process.

In most cases, the original triplets were retained,
with annotators tasked with adding correspond-
ing opinion terms. However, certain sentences
required the addition of new quadruplets or ad-
justments to sentiment polarity. For instance, the
phrase “Velmi rychla a mild obsluha” (“Very fast
and friendly service”) was originally annotated with
a single triplet (“obsluha”, “service general”, “posi-
tive”) for the aspect term “obsluha” (“service”). In
our dataset, this was expanded to two quadruplets:
one linking the opinion term “Velmi rychld” (“Very
fast”’) and another with “mild” (“friendly”). Similarly,
for the phrase “Sympaticke servirky, ale bohuzel
nékdy dost kysele” (“Sympathetic waitresses, but
unfortunately sometimes quite sour”), the original
annotation marked the sentiment as “neutral” due
to its mixed nature for the aspect term “servirky”
(“waitresses”). We refined this by creating two
quadruplets: one with “positive” polarity for the
opinion term “Sympatické” (“Sympathetic”), and
another with “negative” polarity for the opinion term
“bohuZel nékdy dost kysele” (“unfortunately some-
times quite sour”).

A key decision was whether to include modi-
fiers for opinion terms, such as “velmi” (“very”)
in “velmi rychld” (“very fast”). Existing datasets
vary: the USAGE dataset (Klinger and Cimiano,
2014) includes modifiers, while ASTE and ACOS
datasets (Fan et al., 2019; Peng et al., 2020; Cai
et al., 2021) do not. The ASQP dataset (Zhang

Annotation Process

et al., 2021a) is inconsistent, sometimes includ-
ing modifiers and sometimes not. We chose to
annotate modifiers for two reasons: (1) in Czech,
modifiers can significantly affect sentiment intensity,
distinguishing mildly positive/negative from strongly
positive/negative sentiment, with the former an-
notated as neutral in related work (Pontiki et al.,
2015, 2016; Smid et al., 2024b); and (2) modifiers
may support future extensions of sentiment polar-
ity annotations, such as introducing “very positive”
or “very negative” categories. This decision may
complicate cross-lingual experiments with English
ASTE, ASQP, and ACOS datasets, where mod-
ifiers are generally omitted. We also annotated
implicit opinion terms (marked as “NULL”) to make
the dataset suitable for the ACOS task.

The main annotation tasks for each review sen-
tence were as follows:

Identify opinion terms for each triplet:
Assign an opinion term to each annotated
triplet. If no explicit opinion term exists,
use “NULL". Introduce additional quadru-
plets if multiple opinion terms exist for a
single aspect term. Adjust sentiment po-
larity if conflicting opinions are expressed.

After completing the annotation process, we ap-
plied two further modifications to ensure consis-
tency with related datasets. First, the aspect cate-
gories in the original dataset were provided in the
ENTITY#ATTRIBUTE format, as in the SemEval
datasets. To align with English datasets for ACOS,
ASQP, and ASTE, we replaced the “#” symbol with
a space and converted the categories to lowercase
(e.g. “FOOD#QUALITY” became “food quality”).
Second, we normalized the text to improve read-
ability and processing, including reducing multiple
consecutive spaces to a single space and inserting
spaces to separate punctuation from words, follow-
ing conventions used in English datasets. Figure 1
illustrates the transition from the original annota-
tions to the updated versions.

Two native Czech speakers with prior experience
in ABSA annotation performed the annotation. A
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Train Dev Test Total
Category
Pos Neg Neu Tot Pos Neg Neu Tot Pos Neg Neu Tot Pos Neg Neu Tot
ambience general 349 97 30 476 40 12 3 55 121 46 8 175 510 155 41 706
ambience general 349 97 30 476 40 12 3 55 121 46 8 175 510 155 41 706
drinks prices 9 14 5 28 1 1 4 6 4 10 0 14 14 25 9 48
drinks quality 191 50 20 261 24 5 2 31 66 14 4 84 281 69 26 376
drinks style_options 33 21 7 61 3 2 0 5 19 4 0 23 55 27 7 89
8 food prices 41 56 18 115 7 5 2 14 9 21 13 43 57 82 33 172
2 food quality 942 400 108 1,450 89 46 7 142 341 117 37 495 1,372 563 152 2,087
food style_options 137 118 23 278 15 8 6 29 39 53 4 96 191 179 33 403
location general 30 1 0 31 1 3 0 4 18 3 0 21 49 7 0 56
restaurant general 544 241 30 814 59 38 5 102 198 101 15 314 801 380 50 1,231
restaurant miscellaneous 29 63 13 105 3 7 2 12 9 27 7 43 41 97 22 160
restaurant prices 57 48 27 132 3 3 2 8 25 14 9 48 85 65 38 188
service general 607 326 53 986 61 46 8 115 217 132 18 367 885 504 79 1,468
Total 2,969 1,435 334 4,738 306 176 41 523 1,066 542 115 1,723 4,341 2,153 490 6,984
ambience general 326 65 19 410 38 12 2 52 114 37 8 159 478 114 29 621
ambience general 326 65 19 410 38 12 2 52 114 37 8 159 478 114 29 621
drinks prices 6 8 2 16 1 1 4 6 4 7 0 11 11 16 6 33
drinks quality 167 33 17 217 23 5 2 30 61 9 3 73 251 47 22 320
drinks style_options 27 11 4 42 3 2 0 5 16 3 0 19 46 16 4 66
% food prices 33 13 14 60 7 3 2 12 8 11 11 30 48 27 27 102
2 food quality 865 260 86 1,211 83 36 7 126 327 85 35 447 1,275 381 128 1,784
food style_options 106 51 12 169 11 7 3 21 34 3 66 151 89 16 256
location general 24 0 0 24 0 3 0 3 12 2 0 14 36 5 0 41
restaurant general 439 141 14 594 48 25 2 75 170 57 10 237 657 223 26 906
restaurant miscellaneous 19 10 4 33 1 2 0 3 5 4 0 9 25 16 4 45
restaurant prices 49 28 16 93 2 2 2 6 23 8 5 36 74 38 23 135
service general 558 151 28 737 58 27 5 90 206 72 11 289 822 250 44 1,116
Total 2,619 771 216 3,606 275 125 29 429 980 326 84 1390 3,874 1,222 329 5,425
w
'@ Total 2,169 603 178 2,950 234 99 25 358 808 258 64 1,130 3,211 960 267 4,438

Table 2: Detailed statistics of our datasets by aspect category and sentiment polarity. Columns Pos, Neg,
Neu, and Tot denote counts for positive, negative, neutral, and total instances, respectively.

third annotator, also experienced in ABSA, assisted
in reviewing and resolving disagreements, support-
ing the other two annotators to ensure consistency
and high quality. The final ACOS dataset con-
tains 3,000 sentences with almost 7,000 annotated
quadruplets. No instances of content that could
be considered discriminatory or overtly racist were
found in the dataset, though some reviews contain
mild offensive language typical of user-generated
reviews.

3.2. Derived ASTE and ASQP Datasets

From the ACOS dataset, we derived task-specific
variants. For ASQP, we removed quadruplets with
implicit opinion terms (“NULL”) and filtered out sen-
tences containing no remaining quadruplets after
this exclusion. For ASTE, we omitted aspect cate-
gory annotations, excluded triplets with implicit as-
pect or opinion terms, merged identical triplets, and
removed sentences without any remaining triplets
after these steps.

3.3. Dataset Statistics

Table 2 presents a detailed distribution of our
datasets, including sentiment polarities and, for
ASQP and ACOS, aspect categories. The most

frequent polarity is ‘positive”, while “neutral” is rel-
atively rare, accounting for only about 6% of the
tuples. The three most common aspect categories
are “food quality”, “restaurant general”, and “service
general”’, whereas the least frequent are “location
general”, “drinks prices”, and “drinks style options”.

Table 3 compares our datasets with existing En-
glish restaurant-domain datasets. Our datasets
are substantially larger, both in the number of sen-
tences and, more importantly, in the number of
annotated tuples. For instance, our ASTE dataset
contains nearly twice as many tuples as its English
counterpart (4,438 vs 2,247). The distribution of
implicit aspect and opinion terms in our ACOS and
ASQP datasets is similar to that in English datasets,
differing by only a few percentage points.

3.4. Inter-annotator Agreement

Following prior work (Steinberger et al., 2014; Pon-
tiki et al., 2016; Hercig et al., 2016; Cai et al., 2021;
Smid et al., 2024b), we measure inter-annotator
agreement (IAA) using strict quadruplet-matching
F1, treating one annotator’s labels as gold and
the other’s as predictions. This metric is stan-
dard in ABSA, where annotations consist of struc-
tured, multi-label quadruplets with variable cardi-
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Dataset Lang Split Sentences Tuples 1A 10 IA&IO
_ Train 2018 4738 1,038 1,132 389

§ GCs Dev 230 523 104 94 34

& (Ours) Test 752 1,723 367 333 113
ol Total 3,00 6,984 1,509 1,559 536
2 Train 1530 2484 607 448 233
e En Dev 171 261 60 54 26

g Test 583 916 213 198 91
Total 20283 3660 880 700 350

= Train 1,594 3,606 649 0 0

8 Cs Dev 198 429 70 0 0

S (Ours) Test 616 1,390 254 0 0
5 Total 2408 5425 973 0 0
2 2 Train 1,264 1,989 446 0 0
& en Dev 316 507 104 0 0

= Test 544 799 179 0 0

w Total 2124 3295 729 0 0

s Train 1,321 2,950 0 0 0

8 cs Dev 161 358 0 0 0

S (Ours) Test 505 1,130 0 0 0
w2 Total 1,987 4,438 0 0 0
2 qé': Train 857 1,394 0 0 0
s Dev 210 339 0 0 0

g Test 326 514 0 0 0
Total 1,393 2,247 0 0 0

Table 3: Comparison of our datasets with English
counterparts from the SemEval-2016 restaurant
domain (Pontiki et al., 2016). |A = implicit aspect
terms, 10 = implicit opinion terms, IA & 10 = tuples
containing both an implicit aspect and an implicit
opinion term.

nality per instance, making chance-corrected co-
efficients such as Cohen’s kappa less appropriate.
After the first 100 examples, |IAA was 63%. Follow-
ing guideline refinement and discussion of annota-
tion issues, it rose to 76% on the subsequent 100
examples. The final IAA over the entire dataset is
85%, indicating substantial agreement and remain-
ing comparable to previously reported results for
English datasets (Cai et al., 2021).

Most disagreements stemmed from opinion term
annotations, which were the main addition to the
original dataset. The primary challenge concerned
implicit opinion terms, where annotators some-
times disagreed on whether to treat an expression
as explicit (e.g. annotating “doporucuji” (“recom-
mended”)), or leave it implicit. Other disagree-
ments involved partially overlapping opinion terms,
where one annotator included more words than the
other, and modifiers that were occasionally omit-
ted during the early stages. Most of these, along
with additional early-phase inconsistencies, such
as failing to create separate quadruplets for multi-
ple opinion terms, were mitigated through iterative
refinement of the guidelines (see Section 3.1 for
details).

4. Experiments & Setup

We evaluate our new Czech ABSA dataset on three
tasks: ASTE, ACOS, and ASQP. The primary eval-
uation metric is micro F1-score. For fine-tuning

experiments, results are averaged over five runs
with different random seeds, whereas zero-shot
and few-shot experiments are performed with a
single run, as they do not involve stochastic pa-
rameter updates. A predicted tuple is considered
correct only if all of its components exactly match
the corresponding gold tuple.

4.1. Sequence-to-Sequence Models

Following prior work on Czech ABSA (Smid and
Priban, 2023; Smid et al., 2024b), we fine-tune
large mT5 (Xue et al., 2021), Transformer-based
encoder—decoder (sequence-to-sequence) model.
The encoder produces contextualized representa-
tions e of the input text. The decoder estimates
Pg(yle) over the output sequence y, generating
each token y; conditioned on e and the previously
generated tokens before the i-th step, denoted as
Y<i-

We transform ABSA labels into a textual for-
mat using six special tokens: <aspect> for as-
pect terms, <opinion> for opinion terms, <cat-
egory> for aspect categories, <polarity> for
sentiment polarities, <nul1> forimplicit terms, and
<ssep> to separate tuples. We abbreviate senti-
ment polarity to its first three letters (e.g. “pos” for
“positive”), and order the sentiment elements as
a — o — ¢ — p(Gou et al., 2023). Figure 2 il-
lustrates the conversion process for a given input.
The ASTE task does not require the <null> and
<category> tokens.

Sentence
, 0): (misto, restaurant general,

(ac,
Uzasné misto ! Vysoce doporuceno ! ! !'! positive, UZasné)
(Amazing place ! Highly recommended !'!'1'l) (a, ¢, , 0): (NULL, restaurant general,

positive, Vysoce doporuceno)
Label/Output

<aspect> misto
<aspect> <null>

Annotations

Uzasné <category> restaurant general pos <ssep>
Vysoce doporuéeno <category> restaurant
general pos

Figure 2: Example of converting ABSA annotations
into output sequences for sequence-to-sequence
models. Special tokens represent aspect terms,
opinion terms, categories, sentiment polarities, and
tuple separators.

During fine-tuning, we update all model parame-
ters and minimize the negative log-likelihood as

L=-Y logpe(yile,y<i), (1)

i=1

where n is the length of the target sequence y.

4.2. Large Language Models

We evaluate decoder-only LLMs in zero-shot,
few-shot, and fine-tuning settings. Unlike en-
coder—decoder models, decoder-only models gen-
erate tokens autoregressively without a dedicated
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encoder. Their training loss follows the same prin-
ciple as sequence-to-sequence models, but condi-
tions only on previously generated tokens.

We adopt prompts from prior Czech ABSA
work (Smid et al., 2024a; Smid et al., 2026). Few-
shot prompts use the first ten training examples,
which provide sufficient coverage for fair compari-
son (Smid et al., 2026). These examples are repre-
sentative and unsorted, ensuring diversity beyond
sentiment cues. Figure 3 shows an ACOS prompt
with one demonstration and its expected output.
We adapt the same format for ASQP (without im-
plicit opinions) and ASTE (excluding aspect cate-
gories and implicit terms). Prompts are written in
English, as prompt language has little impact on
Czech ABSA performance (Smid et al., 2026).

According to the following sentiment elements definition:

- The “aspect term” refers to a specific feature, attribute, or aspect of a product or service on
which a user can express an opinion. Explicit aspect terms appear explicitly as a substring of
the given text. The aspect term might be “null” for the implicit aspect.

- The “aspect category” refers to the category that aspect belongs to, and the available
categories include: “ambience general”, “drinks prices”, “drinks quality”, “drinks
style_options”, “food prices”, “food quality”, “food style_options”, “location general”,
“restaurant general”, “restaurant miscellaneous”, “restaurant prices”, “service general”.

- The “sentiment polarity” refers to the degree of positivity, negativity or neutrality expressed
in the opinion towards a particular aspect or feature of a product or service, and the available
polarities include: “positive”, “negative” and “neutral”. “neutral” means mildly positive or mildly
negative. Quadruplets with objective sentiment polarity should be ignored.

- The “opinion term” refers to the sentiment or attitude expressed by a user towards a
particular aspect or feature of a product or service. Explicit opinion terms appear explicitly as
a substring of the given text. The opinion term might be “null” for the implicit opinion.

Please carefully follow the instructions. Ensure that aspect terms are recognized as exact
matches in the review or are “null” for implicit aspects. Ensure that aspect categories are
from the available categories. Ensure that sentiment polarities are from the available
polarities. Ensure that opinion terms are recognized as exact matches in the review or are
“null” for implicit opinions.

Recognize all sentiment elements with their corresponding aspect terms, aspect categories,
sentiment polarity, and opinion terms in the given input text (review). Provide your response
in the format of a Python list of tuples: 'Sentiment elements: [(“aspect term”, “aspect
category”, “sentiment polarity”, “opinion term”), ...]'. Note that *, ...” indicates that there might
be more tuples in the list if applicable and must not occur in the answer. Ensure there is no
additional text in the response.

Input: “““Vepfové koleno bylo skvélé .””
Sentiment elements: [(“Veprové koleno”, “food quality”; “positive”; “skvele”)]

Figure 3: Prompt for the ACOS task with exam-
ple input, expected output (green box), and one
demonstration (dashed box, used only in few-shot
scenarios).

We fine-tune LLMs with QLoRA (Dettmers et al.,
2023), which applies 4-bit quantization to a frozen
backbone and learns only a small set of LoRA
weights (Hu et al., 2022), substantially reducing
memory requirements.

We evaluate a range of models for zero-shot
and few-shot experiments: GPT-40 mini (OpenAl,
2024), Orca 2 (13B) (Mitra et al., 2023), LLaMA 3.1
(8B, 70B), LLaMA 3.3 (70B) (Dubey et al., 2024),
Gemma 3 (4B, 12B, 27B) (Team et al., 2025), and
Aya 23 (8B, 35B) (Aryabumi et al., 2024). Fine-
tuning is restricted to models up to 12B parameters
and uses the prompt shown in Figure 3. All models
are open-source except GPT-40 mini.

4.3. Multilingual and Cross-lingual
Experiments

Beyond monolingual setups, we perform multi-
lingual and cross-lingual experiments. For En-
glish, we use datasets derived from the SemEval-
2016 restaurant domain (Pontiki et al., 2016):
ASTE (Peng et al., 2020), ACOS (Cai et al., 2021),
and ASQP (Zhang et al., 2021a).

In multilingual experiments, models are trained
on the union of Czech and English data and evalu-
ated on Czech test sets, with model selection based
on combined validation performance across both
languages.

In cross-lingual settings, English serves as the
source language and Czech as the target. Model
selection is based on English validation data. We
test two variants: (1) fine-tuning only on the En-
glish dataset, and (2) fine-tuning on English plus
its machine-translated Czech counterpart.

To create aligned translations, we use GPT-40
mini with detailed instructions (Figure 4). Because
translation alters word counts and positions, we
filter outputs by tuple counts, categories, sentiment
polarities, and implicit/explicit markers. The pri-
mary source of errors — explicit terms not match-
ing the translated text — occurred in about 10%
of cases. To our knowledge, this is the first use
of LLMs for ABSA data translation with alignment.
Compared to traditional methods such as FastAl-
ign (Dyer et al., 2013), which is often unreliable, or
symbol-marking (Zhang et al., 2021b), which can
drop or misalign labels, our approach provides a
more robust alternative.

Your task is to translate the given review for ABSA from English to Czech and adjust the labels
accordingly.
[The review is in the format: <text>####<label>
Label is a list of lists, each list consists of 4 elements: aspect term, aspect category, sentiment
polarity, opinion term.
### Instructions:
1. Translate the review text to Czech.
2. Adjust the labels so that:

- The number of labels remains the same.

- Aspect categories and sentiment polarities are copied directly from the original English labels
(do not translate these).

- Aspect terms and opinion terms are extracted from the translated review in Czech (based on
their actual occurrences in the translated text, not by translating them separately).

- For "NULL" aspect or opinion terms, leave them unchanged in the label.
3. Return the result in the following format: *<translated_review>#####<adjusted_labels>".

- Ensure the translated review and adjusted labels are separated by “#### .

- Labels must be a list of lists, each containing four elements in this order: ‘[aspect term,
laspect category, sentiment polarity, opinion term]".

Examples:

Input: The food was great#####]['food', 'food quality’, 'positive’, 'great']]

Output: Jidlo bylo skvélé####(['jidlo', ‘food quality', 'positive’, 'skvélé']

Ensure proper grammar and naturalness in the Czech translation.

Return only the “<translated_review>####<adjusted_labels>" format as output, without any
additional comments or text.

Figure 4: Prompt for translating the ACOS dataset
from English to Czech with aligned labels. The
full prompt contains five different representative
input/output examples.
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4.4. Hyperparameters

We employ all open-source models from the Hug-
gingFace Transformers library? (Wolf et al., 2020).
All experiments use greedy search decoding and
run on a single NVIDIA L40 GPU with 48 GB
memory. Considering preprocessing, we lower-
case all sentences and labels to maintain consis-
tency across monolingual, multilingual, and cross-
lingual experiments, preventing mismatches be-
tween datasets (some already lowercased) and
mitigates performance degradation caused by case
differences.

We fine-tune mT5 for 20 epochs with batch
size 16, learning rate 1e-4, and the AdamW op-
timizer (Loshchilov and Hutter, 2019), selected for
consistent validation performance across tasks.

For QLoRA fine-tuning, we use 4-bit NormalFloat
(NF4) with double quantization and bf16 compu-
tation. Training parameters include batch size 16,
constant learning rate 2e — 4, AdamW optimizer,
and LoRA applied to all Transformer linear layers,
with » = 64 and o« = 16. For Gemma 3, we follow
prior recommendations (Smid et al., 2026) and use
r = 64 and o = 128. Training runs for up to 5
epochs, selecting the best model by validation loss.
Loss is computed only on model-generated tokens,
excluding prompts (Mitra et al., 2023). Zero-shot
and few-shot models are quantized to 4 bits, as they
perform similarly to full-precision models (Dettmers
et al., 2023; Smid et al., 2024a).

4.5. Results

This section presents the results. Among the
three tasks, ASTE consistently achieves the high-
est scores, followed by ASQP, with ACOS being the
most challenging. This pattern reflects the increas-
ing complexity of extracting fine-grained sentiment
information.

Table 4 shows the monolingual results. GPT-
40 mini achieves the strongest zero-shot results,
followed by Gemma 3 27B and LLaMA 3.3 70B,
with the latter substantially outperforming its pre-
decessor LLaMA 3.1 70B. Larger and more re-
cent models consistently outperform smaller or
older ones. Few-shot examples generally im-
prove performance, though GPT-40 mini shows
a slight decrease. Gemma 3 27B achieves the
best few-shot results, while Orca 2 13B benefits
most from demonstrations, surpassing Aya 23 8B
and LLaMA 3.1 8B despite being English-centric.
Aya 23 8B consistently outperforms LLaMA 3.1 8B,
likely due to its official multilingual support, which
includes Czech. Fine-tuned models outperform all
zero- and few-shot LLMs, with mT5 achieving the

2https://github.com/huggingface/
transformers

Type Model ASTE ASQP ACOS AVG
Aya 23 8B 25.59 8.76 597 13.44
Aya 23 35B 37.34 26.00 23.18 28.84
Gemma 3 4B 30.87 15.20 8.23 18.10
5 Gemma312B 51.64 31.75 28.00 37.13
-C‘.” Gemma 3 27B 53.27 4127 35.43 43.33
g LLaMA 3.1 8B 29.89 7.37 3.50 13.59
N LLaMA 3.1 70B 4594 31.86 26.49 34.76
LLaMA 3.370B 50.21 38.29 32.08 40.19
Orca 2 13B 15.24 10.21 8.09 11.18
GPT-40 mini 56.43 4212 33.77 44.10
Aya 23 8B 35.73 28.37 20.65 28.25
Aya 23 35B 42,79 37.10 30.67 36.85
Gemma 3 4B 46.72 33.37 25.07 35.05
5 Gemma 3 12B 5449 40.17 33.41 42.69
S Gemma 3 27B 53.27 46.91 39.35 46.51
% LLaMA 3.1 8B 29.80 17.02 1420 20.34
- LLaMA 3.1 70B  48.23 40.99 33.37 40.86
LLaMA 3.370B 55.02 44.36 33.76 44.38
Orca 2 13B 40.56 28.83 21.41 30.27
GPT-40 mini 54.76 40.68 33.05 42.83
mT5 70.74 64.09 58.06 64.30
2 Aya 23 8B 69.87 61.85 57.46 63.06
S Gemma 3 4B 58.18 48.90 44.54 50.54
é Gemma 3 12B 65.23 58.56 48.45 57.41
[ LLaMA 3.1 8B 66.70 60.25 56.18 61.04
Orca 2 13B 67.13 57.93 53.85 59.64

Table 4: F1 scores in monolingual settings for differ-
ent models and tasks, alongside with an average
result across tasks. Bold results indicate the best
result for each combination of “Type” and task.

best overall results. Fine-tuned mT5 surpasses the
strongest few-shot LLMs by 15-25% across tasks
while offering efficiency advantages in memory and
inference speed.

Type Model ASTE ASQP ACOS AVG
mT5 4960 41.68 35.17 4215
_ Aya 23 8B 51.02 4212 36.41 43.18
E Gemma34B  49.08 36.70 30.80 38.86
'g Gemma312B 53.40 44.17 37.52 45.03
LLaMA 3.18B 47.29 43.35 36.56 42.40
Orca 2 13B 48.09 41.90 38.32 4277
mT5 51.00 40.07 35.85 42.31
3 Aya 23 8B 51.59 40.56 40.46 44.20
© Gemma34B 4863 39.32 32.82 40.26
§ Gemma312B 57.98 49.13 41.11 49.41
= LLaMA 3.1 8B 49.20 44.68 37.91 43.93
Orca 2 13B 4929 36.62 38.68 41.53

Table 5: F1 scores in cross-lingual settings for dif-
ferent models and tasks, alongside with an average
result across tasks. Bold results indicate the best
result for each combination of “Type” and task.

Table 5 shows the cross-lingual results. Train-
ing on English only (“Original”) yields similar re-
sults across models, except for Gemma 3 4B,
which lags behind. Gemma 3 12B achieves the
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highest average scores, while Orca 2 13B per-
forms best on ACOS. Adding translated English-to-
Czech data (“Translated”) improves several models:
Aya 23 8B and LLaMA 3.1 8B gain over 1%, while
Gemma 3 improves by over 2% (4B) and 4% (12B).
Gemma 3 12B achieves the best overall cross-
lingual results. Nevertheless, performance remains
15-20% lower than fine-tuned monolingual results,
underscoring the challenges of language transfer
and annotation inconsistencies. A significant factor
is the treatment of opinion terms: English datasets
exclude modifiers, whereas Czech datasets in-
clude them, resulting in models trained on English
data missing modifiers. Cross-lingual performance,
however, often surpasses zero- and few-shot mono-
lingual baselines — for example, Orca 2 13B im-
proves by 30% over its zero-shot and 12% over its
few-shot performance.

Model ASTE ASQP ACOS AVG
mT5 7093 64.64 59.12 64.90
Aya 23 8B 69.28 63.71 56.15 63.05
Gemma34B 66.01 51.44 5390 57.11
Gemma312B 68.16 61.61 56.74 62.17
LLaMA3.18B 66.70 63.60 57.37 62.56
Orca 2 13B 67.35 57.67 53.20 59.41

Table 6: F1 scores in multilingual settings for differ-
ent models and tasks, alongside with an average
result across tasks. Bold results indicate the best
result for each task.

Finally, Table 6 presents results of multilin-
gual experiments, where fine-tuned mT5 again
achieves the best overall results, followed by
Aya 23 8B, LLaMA 3.1 8B, and Gemma 3 13B,
with Gemma 3 4B performing worst. Multilingual
fine-tuning generally outperforms cross-lingual se-
tups, as models benefit from training data in both
languages, but brings little advantage over mono-
lingual fine-tuning.

Overall, the results highlight trade-offs between
fine-tuned models and LLMs. Fine-tuning consis-
tently delivers the best performance, with mT5 com-
bining accuracy with memory and inference effi-
ciency. LLMs remain attractive for rapid deploy-
ment, as few-shot prompting and multilingual pre-
training boost their performance; however, results
vary substantially across models. Larger, newer,
and multilingual-aware LLMs perform best. Cross-
lingual transfer benefits modestly from machine
translation, though dataset inconsistencies limit
gains, and multilingual setups do not always sur-
pass monolingual ones. Model choice should there-
fore balance task complexity, data availability, and
computational resources, with fine-tuning as the
most reliable strategy and LLMs offering flexible
multilingual alternatives.

4.6. Error Analysis

To better understand model challenges on our
datasets, we manually analyzed 100 randomly sam-
pled examples per dataset for GPT-40 mini (zero-
shot), LLaMA 3.3 70B (few-shot), and fine-tuned
mT5. Figure 5 summarizes the error distribution.

The analysis reveals that opinion terms are the
most challenging to predict, followed by aspect
terms, while sentiment polarity is the easiest to
predict. These conclusions align with findings on
English datasets (Zhang et al., 20213; Smid et al.,
2024a). One reason is that opinion terms often
span multiple words, whereas aspect terms are
usually single words. Implicit opinion terms are par-
ticularly difficult, explaining why ACOS yields more
errors than ASQP or ASTE. Additional challenges
arise from typos, abbreviations, and slang in aspect
and opinion terms. In contrast, aspect categories
and sentiment polarities are drawn from fixed label
sets, making them comparatively easier to predict.

Fine-tuned mT5 consistently produced fewer er-
rors, especially for aspect and opinion terms. Some
predictions by GPT-40 mini and LLaMA 3.3 70B,
however, could be considered acceptable under
alternative annotation interpretations. For instance,
models occasionally generalized multiple foods into
a single aspect term (e.g. ‘jidlo” (“food”)), pre-
dicted canonical morphological forms (e.g. “ob-
sluha” (“service”) instead of “obsluhou”), included
plausible but unannotated aspects such as price, or
merged multiple opinion terms into one (e.g. “mild,
pfijemnd” (“nice, pleasant”)) that annotations sep-
arate into multiple tuples. Fine-tuning helps align
predictions to dataset-specific conventions.

LLMs also produce genuine errors. GPT-40
mini frequently fails to predict any sentiment tu-
ples, while LLaMA 3.3 70B sometimes misclassi-
fies clearly “positive” sentiments, such as “hezké
prostiedi” (“nice environment”), as “negative”. Both
models struggle with idiomatic expressions. For ex-
ample, “Pivecko jak kfen” (idiomatically expressing
positive sentiment toward beer) was correctly seg-
mented into aspect and opinion terms. However,
LLaMA 3.3 70B predicted “negative” sentiment and
GPT-40 mini predicted “neutral”, whereas mT5 cor-
rectly predicted “positive”, likely due to exposure
during fine-tuning.

Errors in aspect categories typically involve con-
fusion between semantically related classes, such
as ‘restaurant general” vs. ‘restaurant miscella-
neous” or “drinks prices” vs. “restaurant prices”.
Rare categories such as “location general” are also
problematic. For sentiment polarity, the main issue
is misclassifying “neutral” cases — often mildly pos-
itive or negative — as either “positive” or “negative”,
likely due to their low frequency in the dataset.

Generation errors were absent for fine-tuned
mT5, contrasting earlier reports (Zhang et al.,
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Figure 5: Number of error types for each dataset for GPT-40 mini in zero-shot settings, LLaMA 3.3 70B in

few-shot settings, and fine-tuned mT5.

2021a). LLaMA 3.3 70B and GPT-40 mini pro-
duced only 1-2 formatting errors each, indicating
generally reliable sequence generation.

5. Conclusion

This paper introduces a manually annotated Czech
restaurant dataset for aspect-based sentiment anal-
ysis, enriched with opinion term annotations and
designed to support three ABSA tasks of varying
granularity. Through monolingual, cross-lingual,
and multilingual experiments, we evaluate both
fine-tuned Transformer-based models and large
language models, highlighting strengths and limita-
tions in low-resource settings. Our findings show
that fine-tuned models remain the most reliable
choice, while LLMs provide flexible alternatives for
rapid adaptation across languages.

To address the challenges of cross-lingual trans-
fer, we propose a translation and label alignment
methodology using LLMs, which improves perfor-
mance and offers a scalable alternative to manual
annotation. Error analysis further reveals persistent
difficulties, such as detecting subtle opinion terms,
disambiguating fine-grained aspect categories, and
handling nuanced sentiment expressions in the
Czech language. These insights point to clear direc-
tions for future research on more robust modelling
of opinion expressions and multilingual ABSA.

Limitations

While our newly created Czech ABSA dataset pro-
vides high-quality annotations, it is limited to the
restaurant domain, which may restrict the general-
izability of models trained on it to other domains
such as hotels, e-commerce, or healthcare. The
dataset also focuses exclusively on Czech, so find-
ings may not directly transfer to other languages
or dialects. Additionally, implicit opinion terms re-
main challenging to annotate, and despite review by
multiple experienced annotators, some subjectivity

may persist, which could affect model performance
on subtle sentiment expressions. Finally, the effec-
tiveness of the cross-lingual approach with transla-
tion depends on the LLM used for both translation
and label alignment.

Ethics Statement

During the creation of the new Czech ABSA dataset,
the annotators did not identify any instances of
content that could be considered discriminatory or
overtly racist. Some reviews contain mild offensive
language typical of user-generated text, but no sys-
tematic bias or harmful content was present in the
dataset itself.

We also note that the models used in this study
are pre-trained on large internet corpora. As such,
they may exhibit unintended biases related to race,
gender, or other sensitive attributes due to the na-
ture of the pre-training data.
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